Abstract. The widespread use of illicit substances by American teenagers has attracted the interest of both the general public and academic researchers. Among the various factors that people believe influence youth substance use, peer effects are identified as a critical determinant. Identifying peer effects, however, is known to be a difficult task. In an attempt to overcome known difficulties, I estimate peer effects on substance usage among American teenagers using perceived peer behavior in the National Longitudinal Survey Youth 97. The data indicate robust peer effects. Moreover, the results do not change substantially in school and household fixed effects estimations.
users during the 1990s are plotted in Fig. 1 . Although the percentage of alcohol users dropped in the early 1990s, it still remained high. This figure shows the steady trend of cigarette users at a high level.
1 It is also notable that the percentage of marijuana users increased from 4.4% to 9.7% between 1990 and 1997.
These figures have sparked much public interest about the reasons why teenagers use substances and what policy makers can do to reduce this usage. Besides the price of substances, peer effects or peer pressure is identified as a critical determinant, since the use of substances is considered to be a highly social behavior. 2 Reacting to this interest, economists and sociologists have tried to estimate the existence and strength of peer effects. Identifying peer effects is not easy, since an observed behavior shared by a teenager and his/her peer may result from unobserved factors that group members share, rather than from peer effects. In addition, identifying peer effects becomes complex when the average reference group's outcome is used as a measurement of peers' behavior. Determining whether a teenager's behavior affects his/her peers or vice versa is difficult. Manski (1993) articulated this as the ''reflection problem.'' In addition, both current substance users and the backgrounds of group members may affect individual behaviors. Although both effects are called peer effects, each has different policy implications. Distinguishing between these two effects, however, is known to be difficult (Manski 1993) . This paper employs a critically different strategy for identifying peer effects; I identify peer effects by using teenagers' subjective perceptions. Manski (1993) wrote:
Given that identification based on observed behavior alone is so tenuous, experimental and subjective data will have to play an important role in future efforts to learn about social effects. Using teenagers' subjective perceptions of peer behaviors, identifying peer effects is free from the problems that arise with using an average outcome as a peer variable. According to Manski (2000) , this approach has not been taken seriously since he originally suggested it in 1993. 3 In addition, I employ school and household fixed effects estimations to ensure the robustness of my results.
The reflection problem
Manski (1993) articulated several issues concerning the identification of peer effects using an average group outcome as a peer variable. A short sketch of the problem follows. Let y be an outcome of interest, x be an index of an individual's reference group, and z be attributes that affect the outcome directly. The outcome is characterized by y ¼ a þ bEðyjxÞ þ EðzjxÞc þ zg þ u; Eðujx; zÞ ¼ xd:
If b 6 ¼ 0, then an individual behavior is affected by the mean of the group outcome, EðyjxÞ. This is the ''endogenous effect.'' If c 6 ¼ 0, an individual behavior is affected by the group mean of the exogenous variable (background of group members); this is the ''contextual effect.'' If d 6 ¼ 0, the model exhibits the ''correlated effect.'' People in the same group behave similarly because their shared group characteristics are correlated with unobservable factors, such as social institutions. The correlated effect can also arise from the formation of groups based on individuals unobserved characteristics. Individuals are likely to sort themselves into a group in which group members share similar unobserved characteristics. This phenomenon is often called ''endogenous sorting.'' Taking a conditional expectation on z and x, the model becomes
To discuss the identification of parameters, we need to solve for the conditional expectation of y in terms of x and z. Using the iterated law of expectations,
Solving the expression for EðyjxÞ and substituting it into (2), we obtain
The composite parameters are identified if ½1; EðzjxÞ; x; z are linearly independent. This linear independence assumption fails when one of the following occurs.
1. The individual attributes, z; are a function of a group index, x; since EðzðxÞjxÞ ¼ zðxÞ. Consequently EðzjxÞ and z are linearly dependent. This case occurs when group members share the same exogenous variables. 2. z does not vary with x. Since EðzjxÞ is constant, EðzjxÞ and z are linearly dependent. This case occurs when average exogenous variables are identical across groups. 3. EðzjxÞ is a linear function of x since EðzjxÞ ¼ hx. This is a theoretical possibility rather than an actual one, since x is an index for a group.
Even if linear independence is assured, the endogenous effect (b) is not identified when the contextual effect is present (i.e., c 6 ¼ 0). As Manski (1993) stressed, distinguishing the endogenous effect from the contextual effect is important because these two effects have critically different policy implications. Consider, for example, that a lecture on the health effects of smoking is provided to one class, but not to other classes in a particular school. If the lecture effectively makes this group of students quit smoking, the effect propagates to the students in the other classes through the endogenous effect. If the endogenous effect does not exist, the effect of the lecture is limited to the class where the lecture is given. While the endogenous effect implies this ''social multiplier,'' the contextual effect and the correlated effect do not share this same implication. Moreover, Manski (1993) warned that, in general, the sample correspondence of EðyjxÞ, denoted by E N ðyjxÞ, is not identical to EðyjxÞ. As a result, b can be calculated in the sample, even if b is not identified in the population. Thus, the successful calculation ofb does not imply anything about the identification. After all, the the mixture of the endogenous effect and the contextual effect can be identified under the assumption of the linear independence of ½1; EðzjxÞ; x; z. Distinguishing between the endogenous effect and the contextual effect is, however, impossible on principle.
The difficulty of the identification arises because the mean of the outcome is used as an explanatory variable. I avoid this complication in this study because the direct subjective perceptions of peers' behavior, instead of the peers' average behavior, are the key explanatory variable. The advantage of this approach is that once the linear independence assumption of the explanatory variables is assured, the endogenous effect and the contextual effect are separately identified. In the next section, the model with subjective perception is discussed.
The model with perceived peer behaviors
The model with perceived peer behaviors is specified as follows:
where y is an outcome of interest, x consists of attributes characterizing an individual's reference group, and z is attributes that affect the outcome directly. The variable p is an individual's subjective perception of peer behaviors. Once Eðujp; z; xÞ ¼ 0 and the linear independence of ½1; p; z; EðzjxÞ are assured, 4 the parameters, a; b; c, and g, are consistently estimated through OLS. Since the group average of observed behaviors is not used as an explanatory variable as in Manski (1993) , no complication of identification arises.
The crucial assumption in this model is that perceived rather than actual peer behaviors determine individual behaviors. This assumption is consistent with the conformist model. Akerlof (1997) argued that individuals receive utility from behaving like an ''average'' person in a reference group. It is natural to assume that perceived peer behaviors produce the image of the ''average'' person. This ''conformist'' behavior may be reinforced through the formation of group norms. By forming group norms that require members to engage in similar behaviors, each individual group member enjoys higher utility. Becker (1996) considered a utility function (U ) that has its own norm (N ) and the norm of peers (N P ) as arguments and its cross derivative to be positive (@ 2 U =ð@N @N P Þ > 0). Thus individuals can obtain higher utility by forming their own norms similar to the group norm. It is natural again to assume that each individual perceives group norms through perceived peer behaviors. Individuals behave according to their norms. To summarize, the assumption that perceived peer behaviors determine individual behaviors is a natural one if peer effects operate through ''conformist'' preferences or the enforcement of group norms.
At the same time, there are many other reasons why peer effects exist. For example, American children play baseball instead of cricket because other children know how to play baseball, and, consequently, it is easier to find playmates. Moreover, since playing an actual game is much more fun than playing catch, it may be an important goal for children to find many playmates easily. In this example, the utility obtained from playing baseball depends on the number of players with whom a child plays (up to 18 players). By the same token, teenagers may obtain higher utility from tobacco when they consume it with their friends. In these situations, actual peer behaviors, rather than perceived ones, affect an individual's behaviors. Although this possibility cannot be ruled out, it is simply assumed that an individual behavior is influenced only by the perceived peer behaviors.
5 Relaxing this assumption causes complications in identifying the endogenous effect as noted earlier. Thus, the interpretation of the endogenous effect in this paper should be restricted by this assumption.
Literature review
Many papers have investigated peer effects. In this section, the papers are reviewed in order by the identification strategy used. The identification of the endogenous effect is especially focused because of its unique policy implication associated with the ''social multiplier.'' A thorough review of the existing literature reveals the strengths and weaknesses of each identification strategy. In particular, the limitation of an identification strategy that only uses observed behavior becomes clear. 6 Many studies of peer effects assume the absence of the contextual effect to estimate the endogenous effect (Case and Katz 1991; Sacerdote 2001; Gaviria and Rapheael 2001) . Replacing the population mean EðyjxÞ with the sample average E N ðyjxÞ, the (2) is estimated assuming c ¼ 0. The assumption c ¼ 0 is not severe if the research interest lies in examining broadly defined peer effects. However, if the existence of the ''social multiplier'' is the main concern, the assumption is restrictive, since all of the observed peer effects are attributed to the endogenous effect by assumption. Thus, the identification based on c ¼ 0 is not appropriate for deriving policy implications because the impact of policy intervention depends on the existence of the ''social multiplier.'' In addition, the absence of the contextual effect assures that EðzjxÞ can be used as IV for EðyjxÞ to deal with the possible endogeneity of peers' behavior (Evans et al. 1992; Gaviria and Raphael 2001) . However, this identification strategy is valid only if the assignment of x is exogenous. Thus endogenous sorting into peer groups should be ruled out in this IV strategy. 7 Sacerdote (2001) and Foster (2002) examined the peer effects among randomly assigned roommates in college dorms and this natural experimental situation effectively ruled out endogenous sorting. To deal with the endogenous sorting based on family unobserved characteristics, Aaronson (1998) used a sibling estimator to allow for a correlation between family unobserved characteristics and neighborhood quality. He estimated the effect of neighborhood quality on a teenager's dropping out of high school. Since the neighborhood quality cannot vary within the same family, he used a sibling sample from families that moved. Although these studies effectively overcome the issue of endogenous sorting, it is still impossible to distinguish the endogenous effect from the contextual effect.
Studies of Biddle (1991) and Norton et al. (1998) are examples of research that exploit the lag structure of the endogenous effect for the identification. Biddle (1991) regressed the current demand for personalized license plates on the previous year's demand using state-level aggregate data. Norton et al. (1998) regressed sixth to ninth graders' current use of substances on the average use of substances among students who attended the same primary school. Due to the lag structure, these estimators are immune from Manski (1993)'s criticism; however, one should realize that identifying the endogenous effect crucially depends on excluding the contemporaneous peer effect by assumption.
A series of studies used economic theoretical predictions as identification information. Those studies basically constructed a game theoretic model and estimated the best response function of agents or the relationships of individual behavior and the average group behavior implied by the equilibrium outcome. Neumark and Postlewaite (1998) estimated the importance of ''relative income concern'' as an explanation for the rapid increase of the labor force participation (LFP) rate among U.S. married women. Munshi (2000) analyzed technological diffusion during the Green Revolution in India. These studies are persuasive because they exploited the theoretical prediction as identification information and did much more than regress individual behavior on group behavior.
Estimation
The review of the existing research clearly indicates the limitation of studies that used only observed behavior to identify the endogenous effect. As has been discussed, economic theory can provide important information for identifying these effects. In the context of substance usage by teenagers, however, obtaining such a theoretical prediction is difficult because the teenagers' preferences, which are necessary to derive behavioral predictions theoretically, are largely unknown a priori. I thus use perceived peer behaviors, which are potentially error ridden, as additional information to identify the endogenous effect. Descriptions of the data, the econometric model, and the results of the estimations follow.
Data
The data set used in this study is the National Longitudinal Survey Youth 97 GeoCode file. The sample construction is summarized in Table 1 . I used the set (10) (N=6356) as a sample for the cross-sectional studies, and I applied a quasi school fixed effects estimation and a sibling fixed effects estimation to the set (11) (N=6312) and (12) (N=2458) respectively. In Table 1 , the sample means of outcomes are tabulated. From the tabulation, we can confirm that the sample selection does not drastically change the sample's properties in terms of outcomes.
The outcomes are constructed by using questions about substance use in the last 30 days. The respondent who smokes/drinks more than or equal to one cigarette/drink is defined as a smoker/drinker; similarly, the respondent who uses marijuana more than or equal to once per month is defined as a marijuana user.
In order to construct the peer variables, respondents were asked about their subjective perceptions of their peers' behavior with the following questions:
''What percentage of kids (in your grade / in your grade when you were last in school) (smoke/smoked) cigarettes? (get/got) drunk at least once a month? (have / ever) used marijuana, inhalants, or other drugs?''
Respondents were allowed to answer the questions with one of the following five responses:
1. almost none (less than 10%) 2. about 25% 3. about half (50%) 4. about 75% 5. almost all (more than 90%).
From these categories, I constructed perceived peers' behaviors in which ''almost none'' was coded as 0 and ''almost all'' was coded as 1. Descriptive statistics of individual substance uses and perceived peer substance uses are tabulated in Table 2 . An interesting finding is that the respondents systematically overestimated peer behaviors and the degree of overestimation is not negligible. It is worth noting that this measurement error is not a problem if we assume that the variable that affects the respondents' behaviors is perceived peer behaviors rather than ''objective'' (for econometricians) peer behaviors. 
The model
This paper adopts a binary response model because the dependent variable in this study is the incidence of substance use. The essence of the discussion for linear models carries over, however. Using the latent variable framework, the substance use by a teenager is specified as
where y Ã is the latent variable indicating the individual's tendency to smoke and y is a binary variable set to one if the individual is a substance user. The variable p is perceived peer behaviors. The vector z contains a set of student, family, school, and regional characteristics that may affect individual substance use. The variable x is an index of the group, which is ''schools'' in this model. The determination of perceived behavior is specified as
I assume ujx; z; v $ Normalð0; 1Þ. By including several measures of parental involvement in vector z, such as participation in PTA meetings, and many variables (85 total) that may affect a youth's substance use, the assumption ujx; z; v $ Normalð0; 1Þ is plausible. There are still potential sources of omitted variable bias, however. For example, state anti-drug campaigns to reduce teenager substance use is a possible omitted variable that may affect both a respondent's and his or her peers' substance use (a ''correlated effect,'' using Manski (1993)'s terminology). To reduce this possibility, I include many regional variables in z that characterize the county where the teenager lives (e.g., state cigarette tax rate, beer tax rate, county-level poverty rate, county-level unemployment rate, the county's demographic composition, and other characteristics). It is still fair to say, though, that the assumption ujx; z; v $ Normalð0; 1Þ can be violated. Thus, I will later relax this assumption and use a fixed effects estimation.
The Probit estimator is a consistent estimator under the assumption of ujx; z; v $ Normalð0; 1Þ: This means that the error term of the behavioral equation (u) is not dependent with the error term in the equation determining perceptions of peer behaviors (v) after conditioning on ðx; zÞ. The identification of b hinges on this assumption. Intuitively, individual teenagers have some shock regarding what they think about peers' behavior and then they react to those perceptions. But the shock about these perceptions should not be correlated with the error term in the teenager's behavioral equation. This assumption arguably rules out the possibility that the perception of peers' behavior is contaminated by the teenager's own behavior. For example, if a teenager perceives that many of his/her peers smoke because he/she smokes, then the assumption is violated. Thus, it should be noted that this is a strong identifying assumption. Including a rich set of control variables, z, however, might reduce the risk of violating this assumption. Under this assumption, applying a Probit to (6) renders the estimator consistent up to scale. The cell average of z within a school is used instead of EðzjxÞ. 
The results
I report the results of the above model in Table 3 . For cigarette smoking, the marginal effect of 0.205 means that a 10 percentage point increase in the subjective perception of the peer smoking probability increases the probability of smoking by 2.05 percentage points. This estimate is statistically significant. For alcohol drinking, the estimated marginal effect is 0.263 and for marijuana usage, it is 0.141.
The results clearly show the existence and statistical significance of peer effects. When a teenager's perception of the percentage of his/her peers who use a substance increases by 10 percentage points, the probability that he/she will use the substance increases from 1.4 to 2.6 percentage points. Although the difference in identification strategy prohibits me from making a serious comparison of the estimates, the estimated peer effect is comparable to the estimated effect of Gaviria and Raphael (2001) for smoking and alcohol drinking (0:150 for smoking, 0:106 for alcohol drinking, and 0:254 for drug use). The absence of the contextual effect (c ¼ 0) is not rejected at a 5% significance level through the Wald test. In summary, the results of the estimation robustly show the existence of peer effects in the causal sense. Moreover, by using perceived peer behavior as the key independent variable, the results show that peer effects work through the endogenous effect. This implies the existence of the ''social multiplier.''
The causal interpretation depends on the assumption ujx; z; v $ Normalð0; 1Þ. The multitude of variables in z (86 in total), however, makes this assumption realistic.
The quasi school fixed effects estimation
Although the previous section made the best possible effort to assure the assumption ujx; z; v $ Normalð0; 1Þ is correct, the school index x nonetheless may still contain some information that systematically predicts teenagers' substance use that the regional or school characteristics included in z fail to capture. In other words, there might be unobserved regional and school factors that encourage the teenagers' substance use. For example, suppose a cigarette shop is located just in front of High School A. Moreover, suppose this ''unobservable'' makes a student in the high school 50 percentage points more likely to smoke. Then the assumption ujx; z; v $ Normalð0; 1Þ is violated, because ujx; z; v $ Normalð0:5; 1Þ; if x ¼ A; Normalð0; 1Þ; Otherwise. This possibility is addressed through the school fixed effects estimation, which can be represented in the equation
& ð8Þ
Here i is a subscript for an individual and j is a subscript for a school. The coefficient c 2 is not identified because EðzjxÞ j is invariant within a school. The random variable aðxÞ j captures the school-specific unobservable that affects the teenager's substance usage, such as a cigarette shop at the school gate. Under the assumptions ujx; z; v; a $ Normalð0; 1Þ and ajx; z; v $ N ð0; r 2 a Þ, the random effects estimator is consistent up to scale. The assumption ajx; z; v $ Normalð0; r 2 a Þ excludes the dependence between unobserved school heterogeneity and the explanatory variables. To allow for the dependence of unobserved school characteristics on explanatory variables, I assume a specific form of dependence of unobserved school heterogeneity and explanatory variables as follows:
where " p and " z are the school average of the perceptions of peers' behavior and individual backgrounds respectively. The combination of (9) and (10) becomes the ''fixed effects'' Probit estimator, since the estimator is still consistent with the dependence of heterogeneity and explanatory variables. If d 1 ¼ 0 and d 2 ¼ 0, then the random effects Probit estimator is preferable because it is more efficient.
Since the respondents' school identification number (ID) is not available in my data set, I created a quasi school ID by matching the respondents' county ID, school size, and student/teacher ratio.
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The results of the random effects Probit estimation and the test statistics under the null d 1 ¼ 0 and d 2 ¼ 0 appear in Table 4 . None of the tests reject the null of d 1 ¼ 0 and d 2 ¼ 0; thus I only report the result of the random effects estimation. Marginal peer effects for smoking, drinking, and marijuana usage are 0.205, 0.258, and 0.138 respectively. These numbers are similar to the Probit results. This is probably due to the fact that the vector z already contains enough information to capture the school characteristics.
The household fixed effects estimation using the sibling sample
To reinforce the previous results, I estimated the household fixed effects model using sibling samples. One concern in the previous research (Evans et al. 1992 ) was the endogeneity of peer quality due to omitted household characteristics. Peer quality can be endogenous, since parents who are willing to invest in their children may send their children to a school with good peers and parental care can also directly affect a child's behaviors. This endogeneity problem can be avoided by controlling household unobserved heterogeneity using the household fixed effects estimation.
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I estimate the following model:
where i is a subscript for an individual, j is a subscript for a household, and c is a household's unobserved heterogeneity. The same econometric discussion Note:
1. School id's are not available in the data, so alternative school id's were created from county id, school size, and student-teacher ratio. The surveyor assigned the last two variables based on the confidential school id numbers. 2. The same control variables that appear in Table 3 were included. Some of the variables that do not vary within household were dropped in the fixed effects estimation. distribution for the school unobserved effects models and as a t distribution for household unobserved effects models. Random effects specifications are favored for school unobserved effects models and fixed effects specifications are favored for family unobserved effects models.
from the previous section applies. The only the exception for the fixed effects estimation is that I assume
The specification only allows the dependence of c and " p, since siblings tend to share the characteristics in z, and allowing for the dependence of c and " z causes serious multicolinearity between z and " z. This prohibits the convergence of parameters in the maximum likelihood estimation.
The results of the fixed effects estimation and the test statistics for d 1 ¼ 0 appear in Table 4 . All of the tests reject the null of d 1 ¼ 0. Thus, the fixed effects estimator is preferred and only the fixed effects results are reported. Peer effects for smoking, drinking, and marijuana usage are 0.077, 0.169, and 0.031 respectively. The fixed effects coefficient estimates are smaller than those obtained from the pooled Probit estimation due to the positive correlation between household unobserved heterogeneity and the peer variable. Nevertheless, even after allowing for the correlation between household heterogeneity and the peer variable through the fixed effects model, the estimated peer effects are practically and statistically significant.
Peer effects within different demographic groups
Thus far, the existence of peer effects is a robust result. Next, it is interesting to investigate the strength of peer effects within different demographic groups. Knowing the groups in which the endogenous effects are strong, policy makers can effectively target policies that are likely to discourage youth substance use within those groups, since they can expect larger policy effects through the larger ''social multiplier. '' 12 To estimate the difference in the endogenous effects across groups, I assume the following model in which the strength of peer effects may depend on the different demographic groups:
where z 1 is the part of z that defines demographic groups. 13 Since the exogeneity of p was not rejected in the school fixed effects estimation, I assume ujx; z; v $ Normalð0; 1Þ. Under this assumption, the Probit estimator is a consistent estimator up to scale.
The results of the regressions appear in Table 5 . Some of the estimated coefficients on the interaction terms are statistically significant and the effects are not negligible. For all three substances, there was no gender difference. Fewer peer effects were found among black teenagers. For smoking behavior, peer effects among black teenagers are about one-to two-thirds of that found among white teenagers. The smaller peer effects among black teenagers are statistically different from zero for all substances. Hispanics are also less vulnerable to peer pressure. An expectation is that minority teenagers might not obtain as much utility as non-minority teenagers from imitating each other. Teenagers with both biological parents are less likely to be affected by their peers in their smoking. As for drinking, and marijuana use, the coefficient on the interaction term for the peer variable and ''both biological parents'' is not statistically significant. The first result may imply that teenagers who do not have both biological parents present are more likely to depend on their peers to form their behavior. This result is consistent with Steinberg (1987) 's.
Conclusion
The estimation of peer effects on substance usage through perceived peer behaviors shows significant peer effects. When the perceived peer substance use increases by ten percentage points, the probability that a teenager will use substances increases by two to three percentage points. Moreover, the endogenous effect is found to be more important than the contextual effect when explaining the peer effects on youth substance use. This finding implies that current peer behaviors, rather than peer backgrounds, determine individual behaviors. Thus, if some exogenous shock reduces a group's substance use, this reduction affects other groups of youths through the endogenous effect. Hence, policy makers can expect a ''social multiplier'' effect in policies that discourage youth substance use.
In my model, the endogenous effect is identified when perceived peer behaviors are exogenous. To assure this exogeneity assumption, I used a rich set of controls consisting of parent, neighborhood, and school characteristics. Moreover, the robustness of the results was confirmed through the school and household fixed effects estimations. We also find that the strength of peer effects depends on the demographic group to which a teenager belongs. Peer effects are found to be large among white teenagers and teenagers. Although this paper finds a robust peer effect, this study does not shed enough light on the mechanism of peer effects itself. Thus this study is still a reduced form study of peer effects. More direct study of the mechanism of peer effects is left for future research.
Endnotes
11 The sibling method, however, does not necessarily solve the endogeneity issue. Since the between households difference of outcomes and perceived peer behaviors are wiped away, the identification solely depends on the within household variation of outcomes and perceptions. If each sibling in a household has unobserved characteristics that determine both substance use and perceptions of peer behaviors, the sibling estimator is still biased. If this within household unobservable plays a more important role than the between households unobservable, the sibling estimator can be more biased. However, this discussion is unlikely to apply in the context of substance use. See Bound and Solon (1999) and Neumark (1999) for possible biases in the sibling estimator of the return to education. 12 This discussion assumes, though, that sensitivity to the policy (a part of g) is the same across groups. 13 I also estimated the endogenous effect using a sub-sample of demographic groups. The results obtained were qualitatively the same as the results obtained in this section.
